Community ecology is tasked with the considerable challenge of predicting the struc-15 ture, and properties, of emerging ecosystems. It requires the ability to understand how and why 16 species interact, as this will allow the development of mechanism-based predictive models, and 17 1 . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/001677 doi: bioRxiv preprint first posted online Jan. 3, 2014; as such to better characterize how ecological mechanisms act locally on the existence of inter-1 specific interactions. Here we argue that the current conceptualization of species interaction 2 networks is ill-suited for this task. Instead, we propose that future research must start to ac-3 count for the intrinsic variability of species interactions, then scale up from here onto complex 4 networks. This can be accomplished simply by recognizing that there exists intra-specific vari-5 ability, in traits or properties related to the establishment of species interactions. By shifting 6 the scale towards population-based processes, we show that this new approach will improve 7 our predictive ability and mechanistic understanding of how species interact over large spatial 8 or temporal scales. 9 Introduction 1 Interactions between species are the driving force behind ecological dynamics within commu-2 nities (Berlow et al. 2009). Likely for this reason more than any, the structure of communities 3 have been described by species interaction networks for over a century (Dunne 2006). Formally 4 an ecological network is a mathematical and conceptual representation of both species, and the 5 interactions they establish. Behind this conceptual framework is a rich and expanding literature 6 whose primary focus has been to quantify how numerical and statistical properties of networks 7 relate to their robustness (Dunne et al. 2002), productivity (Duffy et al. 2007), or tolerance to 8 extinction (Memmott et al. 2004). Although this approach classically focused on food webs 9 (Ings et al. 2009), it has proved particularly successful because it can be applied equally to all 10 types of ecological interactions (Kéfi et al. 2012).
1
It is important to understand how local variations in abundance, whether neutral or not, cas-2 cade up to affect the structure of interaction networks. One approach is to use simple statistical 3 models to quantify the effect of population sizes on local interaction occurrence or strength (see 4 e.g. Krishna et al. 2008) . These models can be extended to remove the contribution of neutral-5 ity to link strength, allowing us to work directly on the interactions as they are determined by 6 traits (Box 1). Doing so allows us to compare the variation of neutral and non-neutral compo-7 nents of network structure over space and time. To achieve this goal, however, it is essential that 8 empirical interaction networks (i) are replicated and (ii) include independent measurements of 9 population sizes. 10 An additional benefit of such sampling is that these data will also help refine neutral theory.
11 Wootton (2005) made the point that deviations of empirical communities from neutral predic-12 tions were most often explained by species trophic interactions which are notoriously, albeit 13 intentionally, absent from the original formulation of the theory (Hubbell 2001) . Merging the 14 two views will increase our explanatory power, and provide new ways to test neutral theory in 15 interactive communities; it will also offer a new opportunity, namely to complete the integra-16 tion of network structure with population dynamics. To date, most studies have focused on the 17 effects of a species' position within a food web on the dynamics of its biomass or abundance 18 (Brose et al. 2006 , Berlow et al. 2009 , Stouffer et al. 2011 , Saavedra et al. 2011 . Adopting this 19 neutral perspective brings things full circle since the abundance of a species will also dictate its 20 position in the network: changes in abundance can lead to interactions being gained or lost, and 21 these changes in abundance are in part caused by existing interactions (Box 2). For this reason, 22 there is a potential to link species and interaction dynamics and, more importantly, to do so in 23 a way which accounts for the interplay between the two. From a practical point of view, this 24 requires repeated sampling of a system through time, so that changes in relative abundances 25 can be related to changes in interaction strength (Yeakel et al. 2012) . Importantly, embracing 26 the neutral view will force us to reconsider the causal relationship between resource dynamics 27 and interaction strength since, in a neutral context, both are necessarily interdependent. 28 8 1 Once individuals meet, whether they will interact is widely thought to be the product of an 2 array of behavioral, phenotypic, and cultural aspects that can conveniently be referred to as 3 a "trait-based process". Two populations can interact when their traits values allow it, e.g. 4 viruses are able to overcome host resistance, predators can capture the preys, trees provide 5 enough shading for shorter grasses to grow. Non-matching traits will effectively prevent the 6 existence of an interaction, as demonstrated by Olesen et al. (2011) . Under this perspective, 7 the existence of interactions can be mapped onto trait values, and interaction networks will 8 consequently vary along with variation in local trait distribution. In this section, we review 9 how trait-based processes impact network structure, how they can create variation, and the 10 perspective they open for an evolutionary approach.
11
The basic processes 12 There is considerable evidence that, at the species level, interaction partners are selected on notion has yet to percolate into the literature on network structure despite its most profound 22 consequence: a species appearing generalist at the regional scale can easily be specialized in can be observed even in the absence of genotypic variation (although we discuss this in the next 10 section).
From a trait-based perspective, the existence of an interaction is an emergent property of the 12 trait distribution of local populations: variations in one or both of these distributions, regard-13 less of the mechanism involved (development, selection, plasticity, environment), are likely to 14 alter the interaction. Importantly, when interaction-driving traits are subject to environmen-15 tal forcing (for example, body size is expected to be lower in warm environments, Angilletta bution. Integrating trait variation over gradients will provide more predictive power to models 20 of community response to environmental change.
21
Benefits for network analysis 22 Linking spatial and temporal trait variation with network variation will help identify the mech- In this section, we argue that, although networks are built around observations of direct interac-24 tions like predation or pollination, they also offer a compelling tool with which to address indi-25 rect effects on the existence and strength of interactions. Any direct interaction arises from the 26 11 1 leave a signal in species co-occurrence network. A direct consequence of this result is that, 2 for example, trophic interactions are constrained by species' competitive outcomes before they 3 are ever constrained by e.g. predation-related traits. In order to fully understand interactions 4 and their indirect effects, however, there is a need to develop new conceptual tools to represent 5 effects that interactions have on one another. In a graph theoretical perspective, this would 6 amount to establishing edges between pairs of edges, a task for which there is limited concep-7 tual or methodological background. Overall, we argue here that the notion of "species interaction networks" shifts our focus away 10 from the level of organization at which most of the relevant biogeographic processes happen 11 -populations. In order to make reliable predictions about the structure of networks, we need 12 to understand what triggers variability of ecological interactions. In this contribution, we have 13 outlined that there are several direct (abundance-based and trait-based) and indirect (biotic 14 modifiers, indirect effects of co-occurrence) effects to account for. We expect that the relative 15 importance of each of these factors and how precisely they affect the probability of establishing 16 an interaction are likely system-specific; nonetheless, we have proposed a unified conceptual 17 approach to understand them better.
18
At the moment, the field of community ecology is severely data-limited to tackle this perspec-19 tive. Despite the existence of several spatially-or temporally-replicated datasets (e.g. Schle-20 uning et al. 2011 2012 Menke et al. 2012 , it is rare that all relevant information has been 21 measured independently. It was recently concluded, however, that even a reasonably small 22 subset of data can be enough to draw inferences at larger scales (Gravel et al. 2013 ). Para-23 doxically, as tempting as it may be to sample a network in its entirety, the goal of establishing 24 global predictions might be better furthered by extremely-detailed characterization of a more 25 modest number of interactions (Rodriguez-Cabal et al. 2013) . Assuming that there are in-26 14 estimating the population size of parasites is often contingent upon catching and examining 23 hosts. Understanding non-independence between these variables in a system-specific way is a 24 crucial point.
in which i x is the population of species i at site x. In this formulation, the ǫ term could include 2 the spatial variation of interaction between i and j over sites, and the covariance between the 3 observed presence of this interaction and the occurrence of species i and j. This can, for ex-4 ample, help address situations in which the selection of prey items is determined by traits, but 5 also by behavioral choices. Most importantly, this model differs from the previous one in that 6 each site x is characterized by a set of functions N x , T x that may not be identical for all sites 7 considered. For example, the same predator may prefer different prey items in different loca-8 tions, which will require the use of a different form for T across the range of locations. Gravel 9 et al. (2013) show that it is possible to derive robust approximation for the T function even 10 with incomplete set of data, which gives hope that this framework can be applied even when 11 all species information is not known at all sites (which would be an unrealistic requirement for 12 most realistic systems). Both of these models can be used to partition the variance from exist-13 ing data or to test which trait-matching function best describes the observed interactions. They 14 also provide a solid platform for dynamical simulations in that they will allow re-wiring the 15 interaction network as a function of trait change and to generate simulations that are explicit 16 about the variability of interactions. 17 18 the adjacency matrix A as a fixed entity that specifies observable interactions on the basis of 3 whether two species co-occur or not. Given this assumption, there is a lengthy history of trying 4 to understand how the strength or organization of these interactions influence the dynamic 5 behavior of species abundance (May 1973) . Often, such models take the form
where a i is the growth rate of species i (and could, in principle, depend on other species' abunpresented in Box 1 is the one with the least straightforward expectations, but it may also prove 23 to be the most important if we wish to accurately describe all of these indirect effects.
24
A similar problem actually arises in the typical statistical framework for predicting interac- In its simplest form, a metaweb is the list of all possible species and interactions between them for the system being studied, at the regional level (far left side). Everything that is ultimately observed in nature is a realisation of the metaweb (far right side), i.e. the resulting network after several sorting processes have occurred (central panel). First, species and species pairs have different probabilities to be observed (top panels). Second, as a consequence of the mechanisms we outline in this paper, not all interactions have the same probability to occur at any given site (bottom panels, see Box 1).
Figure 2:
The left-hand side of this figure represents possible interactions between populations (circles) of four species (ellipses), and the aggregated species interaction network on the right. In this example, the populations and species level networks have divergent properties, and the inference on the system dynamics are likely to be different depending on the level of observation. More importantly, if the three populations highlighted in red were to co-occur, there would be no interactions between them, whereas the species-level network would predict a linear chain.
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Pop. Figure 3 : The approach we propose (that populations can interact at the conditions that 1 their trait allow it and 2 they are locally abundant enough for some of their individuals to meet by chance) requires an increased focus on population-level processes. A compelling argument that supports working at this level of organisation is that eco-evolutionary feedbacks are explicit.
All of the components of interaction variability we described are potentially related, either through variations of population sizes due to the interaction itself, or due to selection arising from these variations in population size. In addition, some traits involved in the existence of the interaction may also affect local population abundance.
